In this paper, we investigate the possible presence of the behavioural phenomenon in the stock markets of some members of the European Union who are historically known as PIGS (Portugal, Italy, Greece and Spain Fama (1965) .
Introduction
During the economic recession that started in 2008, some members of the European Union, namely: Portugal, Italy, Greece and Spain, were grouped together and given the acronym PIGS. The reason why these countries were grouped together is due to the great weakness and instability of their economies which became a very big and open problem in 2009. Several members of PIGS were in serious financial trouble due to their external or sovereign debt. Their debt became very risky due to their weak economy.
Accurately predicting the future is a difficult thing in any academic discipline, particularly in a discipline that involves limitless human interactions. For a discipline like behavioural finance, which focuses on the study of worldly human behavior, there is too much timeless abstraction and too little scrutiny of real-world events. The typical economics theory (Efficient Market Theory -EMH) starts with the study of how rational agents interact in frictionless markets, producing an outcome that is best for everyone. In the early 1990s, several financial economists conducted studies in the field of behavioural finance. Behavioural finance is"finance from a broader social science perspective including psychology and sociology" (Shiller 2003) .
Technical analysis is the study of prices of stocks, with charts as the primary tool, to make better investments. In other words, technical analysis is a methodology for forecasting the direction of stock prices through the study of past market data, primarily price and volume (Kirkpatrick & Dahlquist 2006) . The basic idea of technical analysis is to forecast the equity prices based on past prices.
In behavioral theories, investors suffer from cognitive biases and cannot process available information rationally (Thaler 1993) . Consistent with the experimental results that motivate behavioral finance, the background assumption in most behavioral theories is that investors act irrationally. In contrast, "Efficient Market Theory" states that security prices represent everything that is known about the security at a given moment. This theory concludes the notion that it is impossible to forecast prices, since prices already reflect everything that is currently known about the security. In behavioural finance, it is observed that there are rational and irrational expectations about returns. The same applies to technical analysis.
In behavioral economics and quantitative analysis, the same tools of technical analysis are mostly used (Mizrach & Weerts 2009; Azzopardi 2010) . Shiller (1981) attributed financial anomalies to irrationality, using the evidence that stock prices move too much relative to news about future dividends. Lakonishok et al. (1994) presented evidence to show that excess returns earned by portfolios based on publicly available accounting and price data are consistent with excessive extrapolation of past performance into the future. Hong & Stein (1999) also studied overreaction and underreaction, modelling the interactions of traders who follow price trends. Brav & Heaton (2002) showed that rational uncertainty and behavioral biases can deliver similar price patterns. In behavioural models, noise traders buy when prices rise and sell when prices fall, the same as technical analysis.
Several studies tried to incorporate the Behavioural phenomenon into Technical Analysis. Behavioural models suggest that technical trading profits may be available even in the long run if technical trading strategies are based on noise or other models and not on information such as news or fundamental factors (Shleifer & Summers, 1990) . According to some articles from the psychological literature (Mussweiler 2003; Mussweiler & Strack 1999b; Tversky & Kahneman 1974) , investment decisions are likely to be influenced by past prices as depicted in charts. They suggested that investors' expectations about future stock prices are assimilated to a salient high or low on the chart. In other words, inspectors expect a stock with a salient high a chart to perform better, and vice versa. In fact, it has been demonstrated that past stock prices do influence forecasts of stock prices (De Bondt, 1993) and buying and selling behavior (Andreassen 1988; Schachter et al., 1987) .
In this paper we will conduct a study on the possible presence of the behavioural phenomenon in the stock markets of some members of the European Union which are known as PIGS (Portugal, Italy, Greece and Spain). So, the paper will essentially delve into testing the presence of behavioural phenomenon in PIGS by applying technical analysis methods and analyses of stock indices (see . As investors generally want to know when to either dispose or maintain their assets in a stock, a study that assist in predicting the returns of asset will be found useful and will be appreciated by investors. Although this study is directly relevant to investors in PIGS, there are lessons to be learnt from it by other investors from other countries. Another objective of our study is to enlighten investors on how financial markets work and to help them to understand why practitioners should apply technical tools in making investment decisions. The study introduces human characteristics as parts of important factors to be considered in making investment decisions. The technical analysis methods used will be further enriched by using it together with bootstrap methodology under GARCH(1,1) model (see Efron, 1979; Efron & Tibshirani, 1986) . The technical analysis methods used are compared with buy and hold strategy. In our analyses, we will consider the changes in the returns to the Brock et al. (1992) on Ιbex35 Index (Sranish Stock market), FtseMib Index (Italian Stock market), PSI-20 Index (Portugal Stock market), General Index (Greek Stock market) over the 2003-2014 period. Furthermore, we will explore various types of the moving averages technical rules.
Section 2 of the paper presents the literature review. Section 3 describes the data and the methodology used. In section 4 we present the outcomes and findings of the research. Finally, in Section 5, we present summaries, conclusions and recommendations Deng & Zheng (2006) stated that technical analysis constitutes the real cornerstone of the financial investment theories. Pruden et al. (2004) showed that behavioral science models which explain the stock market behavior provide solid scientific foundations based on the principles and practices of technical market analysis.
Literature Review
Nebesnijs (2012) examined a broad range of literature on market efficiency, behavioral finance and technical analysis. It was shown that price action followed by the breakouts exhibits a non-random price behaviour which in some currency pairs can help to systematically generate alpha. Caginalp et al. (1998) provided evidence that traders are influenced by price behavior. To the best of their knowledge, theirs is the first scientific test to provide strong evidence in favor of any trading rule or pattern on a large unrestricted scale. Ben-Zion et al. (2003) stated that market efficiency is higher in developed financial markets than in an emerging capital market, such as the Tel-Aviv Stock Exchange. Lachhwani et al. (2013) found strong evidence of profitability by using Relative Strength Index (RSI) compared to other trading strategies like buy and hold strategy (B&H) in both long run and short run. Lento & Gradojevic (2007) tested the Dow Jones Industrial Average, Toronto Stock Exchange, and Canadian/U.S. Exchange Rate using the Combined Signal Approach (CSA). The CSA was found to enhance the profitability of technical trading rules. The study suggested that "testing the robustness of the combined signal approach is a priority". Raval et al. (2013a) investigated agreement in stock selection by following Fundamental and Technical Analysis on Nifty Stocks. Their study showed that stock pickers reported Fundamental and Technical style as independent of each other, with only moderate measure of agreement. Raval et al. (2013b) found that there is no significant effect on emotional state change when stock traders books loss on his loss making position. Haug & Hirschey (2006) finding brought new perspective to the tax-loss selling hypothesis and suggests that behavioral explanations are relevant to the January effect. After a generation of intensive study, the January effect continues to present a serious challenge to the efficient market hypothesis. Scott et al. (2003) found that price momentum and trading volume appear to predict subsequent stock returns in the U.S. market and that they seem to do so in a nonlinear fashion. Sias (2007) suggested that window dressing by institutional investors and tax-loss selling contributes to stock return momentum. Investors using a momentum strategy should focus on quarter-ending months and securities with high levels of institutional trading. Malliaris & Malliaris (2013) analyzed the movements of the S&P 500 Index using several methodologies such as technical analysis, econometric modeling, time series techniques and theories from behavioral finance. They showed that certain conditional forecasts outperform the unconditional random walk model. Ebert & Hilpert (2013) showed that technical analysis may be attractive to investors who are less than fully rational. , tried to apply Technical Analysis methodology to investigate the Behavior Theory for the large capitalization firms of the Athens Stock Exchange. Their results support a strong increase in trading rules performance over time. Hence we believe there is existence of the behavioral phenomenon in the large capitalization firms of the Athens Stock Exchange. Vasileiou (2014) documented that behavioral finance theories may provide some useful and alternative explanations regarding some of the reasons that contribute to the Greek stock market's inefficient environment.
Data and Methodology
The data used is for this research consists of 3,984 observations covering the period from Moving averages are one of the oldest and most popular technical analysis tools. A moving average is an indicator that shows the average value of a security's price over a period of time. When calculating a moving average, you specify the time span to calculate the average price. According to the moving average rule, buy and sell signals are generated by two moving averages of the level of the index: a long-period average and a short-period average. A typical moving average trading rule prescribes a buy (sell) when the short-period moving average crosses the longperiod moving average from below (above). Simple moving averages apply equal weight to the prices. We evaluate the following popular moving average rules: 1-9, 1-15, 1-30, 1-60, 1-90 and 1-120 where the first number in each pair indicates the days in the short period and the second number shows the days in the long period.
All transactions assume 0.09% (of the investing capital) commission as entry (buy) fees and 0.09% as exit (sell) fee.
We follow similar methodology with Brock et al. (1992) adding transaction costs. The investigation of these technical strategies will be achieved by comparing the returns given by the buy signals of the moving averages with the returns of the buy and hold method (benchmark). Furthermore, the returns given by the buy signals of the moving averages minus the returns of the sell signals of the moving average with the returns of the buy and hold method will be compared. The hypothesis that the returns of the buy and hold method are different from the returns of the moving average will be examined using the t-test methodology. The moving averages give buy signal when the short term moving average crosses over the longterm moving average. In the other way round, we have a sell signal when the long term moving average crosses over the short-term moving average.
As we said earlier in this paper, the methodology that is going to be used for the analysis of the data is t-test, which was used in the past in many studies in which technical rules are investigated (Neftci 1991; Levich & Thomas 1993; Vasiliou et al., 2006a; Gençay 1998; Fernandez-Rodriguez et al., 1997; Brown & Jenning 1989; Balsara et al., 1996; Papathanasiou & Samitas 2010; Vasiliou et al., 2006b) .
The t-test is used test difference of The t-statistic is given by the formulas: 
where σ 2 is the variance of the returns, μ buys(sells) is the mean return for the buys (sells), μ (sells) is the mean returns for the sells, μ buy&hold is the mean return for buy and hold method, N obser is the number of the observations, N buys(sells) is the number of signals for the buys (sell), N sells is the number of signals for the sells.
Using t-test will compare the mean returns of the unconditional buy methodology with the returns of the buy signals given by the moving averages and the returns of the unconditional buy methodology with the returns of the buy signals minus the returns of the sell signals given by the moving averages (3). The results of the t-test will help to either accept the null hypothesis (there is no actual difference between the mean returns -buys, sells-or reject it (there is an actual difference between the mean returns). The hypothesis to be tested is: 0 :
where 1 R is the mean daily returns of the index of case 1 (buy), and 2 R is the mean daily returns of the index of case 2 (sell).
The t-test assume independent, stationary and asymptotically normal distributions. Many times these assumptions certainly do not characterize the returns from the Banking Index of the Athens Stock Exchange series. Following Brock et al. (1992) , this problem can be solved using bootstrap methods. Bootstrapping is a method, introduced by Efron (1979) for estimating the distributions of statistics that are otherwise difficult or impossible to determine. The general idea behind the bootstrap is to use resampling to estimate an empirical distribution for the statistic. The values from the Banking Index series will be compared with empirical distributions from a GARCH(1,1) model for stock returns. In the bootstrap procedure, we input the original series into our model to obtain estimated parameters and residuals. We standardize the residuals using the residual standard error. The estimated residuals are then redrawn with replacement to form a scrambled residuals series, which is then used with the estimated parameters to form a new representative series for the given GARCH(1,1) model. Each of the simulation is based on 5,000 replications of the GARCH(1,1) model. We believe that this should provide a good approximation of the return distribution under the GARCH(1,1) model. The null hypothesis is rejected at a percent level if returns obtained from the actual Banking Index data are greater than the a percent cutoff of the simulated returns under the GARCH(1,1) model. We fit a GARCH(1,1) model which is given by: r t =δ +ρr t-1 +e t h t =w+ae 2 t-1 +bh t-1 (4) e t = h 1/2 t z t , z t ~ N(0, 1)
where: e t: is an independent, identically distributed normal random variable r t: is the conditional variance h t : is a linear function of the square of the last periods's errors and of the last period's conditional variance. Our model is fitted and the standardized residuals and estimated parameters are used to generate simulated GARCH(1,1) series. We use Matlab to estimate the parameters for the models via maximum likelihood and OLS and then resample the standardized residuals with replacement to create 5,000 replications of the GARCH(1,1) model. The bootstrap methodology requires high computer power and computer programming.
To test the significance of the trading rule excess returns, the following hypothesis was tested. 
The null hypothesis states that the trading rule excess return (XR) calculated from the original series is less than or equal to the average trading rule return for the pseudo data samples ( XR * ). The p-values from the bootstrap procedure were used to determine whether the trading rule excess returns are significantly greater than the average trading rule return given that the GARCH(1,1) model.
Findings

Standard Statistical Results
Tables 1-4 reports some summary statistics for daily returns of the PIGS Stock Exchanges [ Table 4 [IΒΕΧ35 Index (Spanish Market)], the returns exhibit excessive kurtosis and nonnormality. Besides, Jarque-Bera p-value for table 1-4 rejects normality. We will use the bootstrap methodology under the GARCH (1,1) model to address this problem of non-normality.
As we can see in Tables 5-8 , the buy-sell differences are positive for all rules and for all the PIGS. The t-tests for these differences are highly significant at 5% significance level, using two-tailed test. Thus the null hypothesis that the differences are zero is rejected. [At 5% significance level, the upper (lower) critical values of the t-test are +(-) 1.960].
The mean buy-sell returns (Table 5) for General Index (Greek Market) are all positive with an average daily return of 0.004834 which is about 121% at an annual rate (250 trading days x 0.14%). The t-statistics rejected the null hypothesis that the means of the returns are not different from the means of the unconditional returns.
The means of the buy returns for PSI-20 Index (Portugal Market) (Table 6 ) are all positive with an average daily return of 0.00056 which is about 14% annual rate (250 trading days x 0.00056). The t-statistics reject the null hypothesis that the means of these buy returns are equal to the means of the unconditional returns. That is, all the tests reject the null hypothesis that the means of the buy returns are equal to the means of the unconditional returns at the 5% significance level using a two-tailed test.
The mean of buy-sell returns for FTSEMIB Index (Italian Market) (see Table  7 ) are all positive with an average daily return of 0.00009 which is about 2.35% annual rate (250 trading days x 0.00009). The t-statistics reject the null hypothesis that the means of buy-sell returns are equal to the means of the unconditional returns.
The means of buy-sell returns for IΒΕΧ35 Index (Spanish Market) (see Table  8 ) are all positive with an average daily return of 0.000183 which is about 4.58% annual rate (250 trading days x 0.000183). The t-statistics reject the null hypothesis that the means of the buy-sell returns are equal to the means of unconditional returns.
Overall, our technical strategies "beat" all the market [General Index (Greek Market), PSI-20 Index (Portugal Market), FTSEMIB Index (Italian Market), IΒΕΧ35 Index (Spanish Market)] strategies. In particular, buy-hold strategy (Tables  1-4) gives us about:  -4.66% per year (-0.01864% x 250 days) for the General Index (Greek Market while moving averages strategy gives 121% per year for buy-sell method (250 trading days x 0.004834) at an annual rate.  -0.97% per year (-0.00388% x 250 days) for the PSI-20 Index (Portugal Market) while moving averages strategy gives us an annual rate of 14% (250 trading days x 0.00056) for buy-sell method.  -2.05% per year (-0.000082% x 250 days) for the FTSEMIB Index (Italian Market) while moving averages strategy gives us an annual rate of 2.35 % (250 trading days x 0.00009) for buy-sell method.  2.44 per year (0.0000976% x 250 days) while moving averages strategy gives us an annual rate of 4.58 % (250 trading days x 0.000183) for buy-sell method. So we notice abnormal returns over the General Index (Greek Market), the PSI-20 Index (Portugal Market), the FTSEMIB Index (Italian Market) and the IΒΕΧ35 Index (Spanish Market) benchmarks. In Tables 5-8 , we present the results from simple moving average trading strategies. The rules differ by the length of the short and long period. For example (1, 15) indicates that the short period is one day, the long period is 15 days. We present the results for the 6 rules that we examined. In columns 3 and 4 of Table 5 of each  table, we report the number of buy "N(Buy)" and sell "N(Sell)" signals generated during the period. The (daily) mean buy and sell returns are reported separately in columns 6 and 7 of each table. The last column of each table, column 8, shows the differences, "Buy-Sell", between the mean daily buy and sell returns. The t statistics for the Buy and Sell are computed using Brock et al. (1992) methodology.
In columns 6, 7 and 8 of each table, the number in parentheses are standard tstatistics testing the difference between the mean buy return and the unconditional mean return, the mean sell return and the unconditional mean return, and buy-sell and zero, respectively. The last row each table reports averages across all 6 rules. The upper (lower) critical values of the t-test values are +/-1.96 at 5% level. 
Bootstrap Results
Applying the approach used by Brock et al. (1992) , we obtained 5,000 bootstrap samples, each consisting of 3,984 observations using sampling with replacement from the original return series. In the bootstrap procedure our, objective is to fit the original series to obtain estimated parameters and residuals. We standardize the residuals using the residual standard error. The estimated residuals are then redrawn with replacement to form scrambled residuals series, which is then used with the estimated parameters to form a new representative series for the given GARCH(1,1) model. Each of the simulation is based on 5,000 replication of the GARCH(1,1) model. This should provide a good approximation of the return distribution under the GARCH(1,1) model. The null hypothesis is rejected if returns obtained from the actual General Index (Greek Market), the PSI-20 Index (Portugal Market), the FTSEMIB Index (Italian Market), and the IΒΕΧ35 Index (Spanish Market) data are greater than the returns of the simulated returns under the econometric model [GARCH(1,1)]. General Index (Greek Market) data are greater than the returns of the simulated returns under the null model. PSI-20 Index (Portugal Market) data are greater than the returns of the simulated returns under the null model as well. FTSEMIB Index (Italian Market) data are greater than the returns of the simulated returns under the null models and IΒΕΧ35 Index (Spanish Market) data are greater than the returns of the simulated returns under the null models. Tables 9-12 contains estimation results for the GARCH(1,1) model which will be used for comparison with the actual General Index (Greek Market - Table 9 ), PSI-20 Index (Portugal Market- Table 10 ), FTSEMIB Index (Italian Market - Table 11 ), and IΒΕΧ35 Index (Spanish Market - Table 12 ) series.
In Tables 13-16 we present the results of GARCH(1,1) simulations using simple moving average trading strategies via bootstrap methodology. For the simulations, we create 5,000 bootstrap samples, each consisting of 3,984 observations by resampling the standardized residuals of the GARCH (1,1) models with replacement.
The rules differ by the length of the short and long period. We present results for the 6 rules that we examined. All the numbers presented in columns (4), (5), (6) of the tables are the fractions of the simulated result which are larger than the results for the original indices [General Index (Greek Market - (4) and (5) (4), (5) and (6) of each table (excluding the ones in parentheses) are p-values. The numbers in parentheses under Buy, Sell, and Buy-sell in columns (4), (5), and (6) of each table show how many series from 5,000 replications are greater than the original returns.
The p-values from the bootstrap procedure are then used to determine whether the trading rule excess returns (simple moving averages) are significantly greater than the average trading rule return given from original series. The numbers in parenthesis in clumns (4), (5), and (6)of the tables show how many series from 5,000 replications are greater than the series from the original returns. More specifically, the number in the column labelled Buy (Table 13) , which is (5000), shows that 500 of the simulated GARCH(1,1)s generated a mean buy return as large as that from the original examined indices. As can be seen from the values in columns (4) (5) and (6) of each table, most of the simulated GARCH(1,1)s are greater than those from the examined indices , the PSI-20 Index (Portugal Market -Table 14), the FTSEMIB Index (Italian Market - Table 15 ), and the IΒΕΧ35 Index (Spanish Market - Table 16) ]. All the buy, sell and buy-sell are highly significant, leading to the acceptance of the null hypothesis. Under the null hypothesis, the trading rule excess return (XR) calculated from the original series is less than or equal to the average trading rule return for the pseudo data samples ( XR * ). At 0.05 significant level, the p-value is greater than 0.05 (p-value>0.05). Therefore we accept 0 H : XR XR *  and reject 1 H : XR > XR*. Finally, we found that various forms of moving averages contain significant forecast power for General Index (Greek Market), the PSI-20 Index (Portugal Market), the FTSEMIB Index (Italian Market), and the IΒΕΧ35 Index (Spanish Market)]. 
Summaries and Conclusions
Summaries
In this paper we conducted a study on the presence of the behavioural phenomenon in PIGS (Portugal, Italy, Greece and Spain), a group of countries in European Union. We used technical analysis rules to explain behavioural phenomenon in the examined stock markets (the General Index (Greek Market), the PSI-20 Index (Portugal Market), the FTSEMIB Index (Italian Market), and the IΒΕΧ35 Index (Spanish Market)) over the years 2003-2014 period. Furthermore. we used various types of moving averages technical rules. We evaluated the following popular moving averages rules: 1-9, 1-15, 1-30, 1-60, 1-90, and 1-120 where the first number in each pair indicates the days in the short period and the second number shows the days in the long period. Moving averages are used in this paper because they are the most commonly used by the chartists-technical analysts We did further analyses and tests. In our further analyses, we used standard t-tests in combination with bootstrap methodology under the GARCH (1,1) null model.. In all transactions, we assume 0.09% (of the investing capital) commission as entry (buy) fees and 0.09% as exit (sell) fee.
Overall the results obtained from the study show that our technical strategies (buy-hold strategies). "win" the market. In particular:
i. buy-hold strategy gave us -4.66% per year (-0.01864% x 250 days) for the General Index (Greek Market) (see Table 1 ) while moving averages strategy 121% (250 trading days x 0.004834) per year for buy-sell method. ii. buy-hold strategy gave -0.97% per year (-0.00388% x 250 days) for the PSI-20 Index (Portugal Market) (see Table 2 ) while moving averages strategy gave us 14% per year (250 trading days x 0.00056) for the buy-sell method. iii. buy-hold strategy gave us -2.05% per year (-0.000082% x 250 days) for the FTSEMIB Index (Italian Market) (see Table 3 ) while moving averages strategy gave us 2.35 % per year for buy-sell method (250 trading days x 0.00009). iv.
buy-hold strategy gave us 2.44 per year (0.0000976% x 250 days) while (see Table 4 ) moving averages strategy gave us 4.58 % per year (250 trading days x 0.000183) for buy-sell method. So, we noticed abnormal returns over the General Index (Greek Market), the PSI-20 Index (Portugal Market), the FTSEMIB Index (Italian Market), and the IΒΕΧ35 Index (Spanish Market) benchmark. Hence, Technical Analysis and Behavioral Finance Theory seem to exist in the examined stock markets.
In addition, we document significant excess returns for moving average trading strategies and reject the weak-form efficient market hypothesis of Fama (1965) .
Conclusions
These results obtained in this research seem to contradict the Efficient Market Hypothesis, as investors can gain abnormal returns investing in the effects of the market.
Our results here seem to agree with previous results in literature (De Long et al. 1991; Shleifer & Summers. 1990 
